Introduction
Tuberculosis (TB) is a chronic or acute infectious disease caused by the microorganism Mycobacterium tuberculosis, which may affect any tissue of the body but is usually found in the lungs. Currently, it kills more people than any other infectious disease [5] -an estimated 3 million people a year. In April 1993, the World Health Organisation (WHO) declared tuberculosis epidemic a global health emergency. According to WHO estimates, it causes about 26% of preventable adult deaths in developing countries, which is more than that for AIDS and malaria combined [10] . The disease is now on the increase due to a number of factors such as the increasing multi-drug resistance of the disease, co-infection with HIV, increasing migration and the rapid rise in the population of young adults in the world (the age group with the highest mortality from the disease).
Since TB remains largely treatable the key to controlling the disease is through correct initial diagnosis and subsequent monitoring. Active infection with tuberculosis is formally diagnosed by detection of tubercle bacilli in the sputum through which tuberculosis can be transmitted. Two methods are used: the sputum specimens may be stained with Auramine/Rhodamine and screened using a fluorescence microscope; alternatively the slides are stained with the Ziehl-Neelsen (ZN) stain and screened using a light microscope [6] . Fluorescence microscopy is more sensitive than light microscopy but it is also more expensive.
In this document a method for automating the detection of tubercle bacilli in sputum specimens is described. A fluorescence microscope with an attached digital camera is used to manually locate and capture images of tubercle bacilli. The method comprises of two phases: (a) image processing and analysis techniques are applied to the images for enhancement and feature extraction; (b) object recognition techniques are used for the automatic identification of tubercle bacilli in the images.
The eventual implementation of the system would be semi-automatic where the best candidate images containing bacilli would be presented to the medical technologist together with a bacillus count, confidence measures and recommended diagnosis. The final diagnosis could be performed by the technologist in less than a minute, for typical cases. Furthermore, the results should be more accurate due to the higher number of viewfields processed. The technique would have a number of advantages over the current manual screening method, such as:
• Greater accuracy in the diagnosis. Stretched medical resources can result in slides being viewed rapidly with many active cases missed. It is believed that between 33%-50% of active TB cases may be missed using current screening methods.
• Increased volume of clinical investigations. Using automation it should be possible to screen a much larger segment of the population. It should also be possible to increase the monitoring of patients currently receiving treatment, possibly isolating drug resistant cases more efficiently.
• Improved efficiency of the screening process. The screening of a large number of patients may require the viewing of hundreds, or indeed thousands, of such slides. Screening is time consuming, expensive and a serious drain on stretched resources. The examination of one slide takes about 10-15 minutes. It is a boring and tedious task requiring a senior medical technologist and consequently recruitment and retention are difficult.
Method
The data used in this study consisted of a set of 65 direct Auramine-stained sputum smears prepared at the South African Institute for Medical Research (SAIMR), Cape Town. From this set about 100 images (720x512 pixels in size, 256 grey levels) have been created from 5 positively identified smears and labelled by hand to yield 1147 objects. As tubercle bacilli have a characteristic rod-like shape, the first phase described below is needed for the derivation of shape features, which are then used as input values to the classifier for the object recognition phase. Figure 1 shows an example of these processes applied to an image.
Edge detection.
This process is used to reduce the amount of data processed in the image without loosing useful information about object boundaries. The first phase uses edge information from a Canny edge detector [2] with small scale (" = 0.65, mask size = 3x3) to detect finer features in the images and ensure larger number of closed regions.
Region labelling and removal.
After edge detection, each region is labelled and measured. Regions that are out of a certain range of size are removed to eliminate unnecessary processing in the object recognition phase [8] .
Edge pixel linking.
Even after a careful selection of the scale of the Canny edge detector, there are still a few regions that are not closed. To ensure reliable object recognition based on shape, edge pixel linking needs to be applied for closing incomplete edges. 4. Boundary tracing. The boundaries are needed for the derivation of shape descriptors. The inner boundary [8] of each region is traced and information about the position of boundary pixels is collected for the next and final step of the first phase. 5. Shape description. The discrete Fourier transform (DFT) of the x-and y-coordinates of the boundary pixels is used to calculate the Fourier coefficients (Fourier descriptors) needed to represent the shape of each object in the feature space [4] , [8] . It was found experimentally that the first 15 coefficients are sufficient for a reliable representation of the object's shape.
The object recognition phase uses a classifier to detect tubercle bacilli from the features extracted in the image processing and analysis phase. A number of classifiers from discriminant methods from statistics or neural networks [7] can be used at this phase. The shape descriptors are fed into the classifier to identify any relevant regions as bacilli.
Results
The data set of 1147 image objects consisted of 267 tubercle bacilli and 880 other objects (features extracted from debris present on the smears) which were considered negative cases (non-bacillus). From these, 1000 examples were used for training and 147 for testing. 10-fold cross validation was used during training and testing. Among several different classifiers that were investigated, a multi-layered neural network using the back-propagation (BP) learning rule and 2 hidden units performed best. The following table shows the performance of the classifiers on the test set.
KNN (5) BP (2 h/u) SCG (5 h/u)
KA [3] Accuracy 91.8% 97.9% 96.6% 95.9% Table I : The overall performance of classifies that were investigated in this study.
In most medical applications, the overall accuracy is not sufficient measure in order to select the optimal configuration for the method used. Depending on the medical problem, the performance on the positive cases (bacillus) may be considered independently of the performance on the negative cases (non-bacillus). Table II shows the performance of the BP neural network on the positive and negative decisions.
Detected Class Bacillus
Non-bacillus Bacillus 94.1% 5.9% Expected Class non-bacillus 0.9% 99.1%
Positive identification of three or more bacilli is required for formal diagnosis of tuberculosis. Consequently, with a recognition rate of 94.1% for individual bacilli, the overall diagnostic accuracy will be very high, even for patients with very few bacilli in the sputum smear. The false positive rate (0.9%) partly consists of probable bacilli incorrectly labelled and can be eliminated using a confidence measure for the classifications and final confirmation by the medical technologist.
Discussion
The study presented here indicates that machine-assisted diagnosis of tuberculosis is certainly feasible. A study of the potential market indicates that the proposed technique should be cost effective in several middleincome countries (e.g. South Africa and China). As an example, technicians at the SAIMR screen about 100,000 slides per annum at a cost of 12.8ZAR (approx. 2USD) per slide. Assuming a machine cost of 20,000USD this would certainly be cost effective [9] . The cost of the process could be further reduced by combination with other diagnostic techniques that use automated microscopy, such as cervical smear screening. Further details about the cost effectiveness and applicability of this technique are given in [9] .
The infectious nature of tuberculosis and the threat of increased incidence of the disease strongly motivates the machine-assisted diagnosis of tuberculosis to improve screening results. Improved screening would reduce the incidence of the disease, but it would also have a strong economic case. For example, globally more than 50 million individuals may now be infected with the multi-drug resistant strain of TB in which case the cost of treatment rises dramatically. US figures show that the cost jumps from $2,000 to $250,000 when the patient has multi-drug resistance TB [10] . Table II : Sensitivity and specificity performance of the BP neural network. The expected class is the category assigned to regions by manual identification. The detected class is the category found by the network.
